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 
Abstract—Freezing-of-gait a mysterious symptom of 
Parkinson’s disease and defined as a sudden loss of ability to move 
forward. Common treatments of freezing episodes are currently 
of moderate efficacy and can likely be improved through a 
reliable freezing evaluation. Basic-science studies about the 
characterization of freezing episodes and a 24/7 evidence-support 
freezing detection system can contribute to the reliability of the 
evaluation in daily life. In this study, we analyzed multi-modal 
features from brain, eye, heart, motion, and gait activity from 15 
participants with idiopathic Parkinson’s disease and 551 freezing 
episodes induced by turning in place. Statistical analysis was first 
applied on 248 of the 551 to determine which multi-modal features 
were associated with freezing episodes. Features significantly 
associated with freezing episodes were ranked and used for the 
freezing detection. We found that eye-stabilization speed during 
turning and lower-body trembling measure significantly 
associated with freezing episodes and used for freezing detection. 
Using a leave-one-subject-out cross-validation, we obtained a 
sensitivity of 97% ± 3%, a specificity of 96% ± 7%, a precision of 
73% ± 21%, a Matthews correlation coefficient of 0.82 ± 0.15, and 
an area under the Precision-Recall curve of 0.94 ± 0.05. According 
to the Precision-Recall curves, the proposed freezing detection 
method using the multi-modal features performed better than 
using single-modal features. 
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I. INTRODUCTION 
REEZING of gait (FOG) is a common clinical symptom 
observed in the moderate and advanced phase of 
Parkinson’s disease and defined as a “brief, episodic absence or 
marked reduction of forward progression of the feet despite the 
intention to walk” [1]. The sudden absence of the ability to 
move forward could lead to frequent falls, and the associated 
physical and psychosocial consequences (e.g., a bone fracture, 
a head injury, and fear of falling) have a huge impact on 
patients’ quality of life [2]. Nevertheless, common treatments 
for freezing episodes are of moderate efficacy, such as the 
resistance to dopaminergic treatment and ineffectiveness of 
continuous external rhythmic cues [1]–[3]. The freezing 
treatment can be improved through a reliable freezing 
evaluation. A barrier to the reliable evaluation is the 
unpredictable, idiosyncratic, and episodic nature of freezing 
episodes [4]. An online evidence-support freezing monitoring 
system, which detects or predicts the spontaneous freezing 
episodes when or before they occur, can contribute the 
reliability of freezing evaluation in daily life; for example, 
external cues could be triggered on demand to help individuals 
overcome freezing episodes in daily life.  
Physiological features extracted from wearable sensors play 
a key role in the monitoring of freezing episodes. Physiological 
signals reflecting the function of motor, cognitive, and 
autonomic nervous system were found to be related with 
freezing episodes in previous studies [5]–[8]. 
1) The function of the motor system is normally measured by 
three-dimensional (3D) gyroscopes and/or accelerometers 
placed on the lower body. A well-known feature “freeze 
index” are commonly used to describe the trembling of 
individual’s lower body parts during movements [5], and 
the value of freeze index increased during freezing 
episodes [9]. A previous study [9] proposed an online 
freezing detection system using the freezing index feature 
and achieved a sensitivity of 73% and a specificity of 82%.  
2) Brain activity extracted from scalp electroencephalography 
(EEG) signals was mainly investigated by a group of 
researchers [6], [10], [11]. They asserted a significant 
increase of theta-wave band (4-8 Hz) power in EEG 
signals between the central and frontal electrodes [6]. 
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EEG signals, offline freezing detection [10] or prediction 
[11] systems were developed from a manually selected 
EEG dataset including 400-s signals from each individual 
phase of freezing episodes: normal walking, transition, and 
freezing episodes.  
3) The function of autonomic nervous system was captured by 
the signals of electrocardiography (ECG) and/or galvanic 
skin response sensors [7], [8]. Heart rate extracted from 
ECG signals was found to considerably increase before 
and during freezing episodes [7]. The galvanic skin 
response signals showed a significant increase before 
freezing episodes, and a corresponding offline system 
predicted freezing episodes 4 s on average before they 
happened with a sensitivity of 71% and a precision of 65% 
[8].  
However, earlier research [6], [7] only explored the difference 
among the phases of freezing episodes (normal walking, 
transition, and freezing episodes). This comparison method, 
which does not consider the baseline movement condition 
(such as, turning, standing, and walking), may introduce 
movement artefacts caused by experiment tasks sensitive to 
trigger freezing episodes [12]. For example, the changes of the 
brain activity or the heart rate may be caused by a transition 
from normal walking to turning instead of a freezing episode. 
Moreover, the studies about online monitoring systems for 
daily use are scarce, and challenges in accurate freezing 
monitoring still exist given the movement artifacts in the 
physiological signals and highly heterogeneous clinical 
symptoms in individuals [9], [13].  
A reliable FOG evaluation is still difficult, especially in daily 
life. More basic science and engineering research is therefore 
desired to improve the reliability of freezing evaluation. In our 
preliminary study [14], we proposed an online multi-modal 
freezing system to detect freezing episodes in daily life. The 
system used brain activity extracted from EEG signals and 
motion activity extracted from accelerometer signals, and we 
found improved freezing detection performance compared to 
single-modal detection systems. In this research, we took two 
steps further to improve the reliability of the freezing detection 
system through combining a basic science and a applied science 
study: (1) To be supported by evidence, we applied statistical 
tests to determine whether the following multi-modal 
physiological activities are significantly associated with 
freezing episodes―eye movements, brain, heart, motion, and 
gait activity―and to check whether the earlier findings about 
brain [6] and heart activity [7] can be duplicated when the 
baseline movement condition is considered. (2) We applied the 
findings of step (1) in the development of an online freezing 
detection system.  
II. METHOD 
A. Ethical approval  
This cross-sectional study was ethically approved by the 
Dutch committee on research involving human participants 
[Arnhem-Nijmegen region (NL60942.091.17)], and the 
experiment conformed to Declaration of Helsinki, and all 
participants provided informed consent. 
B. Participants  
We recruited 17 participants with idiopathic Parkinson’s 
disease and experiencing daily freezing episodes. The 
participants were clinically examined to evaluate their clinical 
characteristics: the subsection III of Movement Disorders 
Society‐Unified Parkinson’s disease Rating Scale 
(MDS-UPDRS III; including Hoehn and Yahr stage) [15]–[17] 
to examine the movement performance, New freezing of Gait 
Questionnaire (N-FOGQ) [18] to quantify freezing of gait 
severity, Mini-Mental State Examination (MMSE) [19] to 
measure cognitive impairment, and Frontal Assessment Battery 
(FAB) [20] to evaluate the frontal lobe performance. We 
included the participants who experienced regular freezing 
("very often, more than one time a day" in the freezing 
frequency section of N-FOGQ [18]) in the past month and were 
able to walk 150 m independently. The participants with 
comorbidities that cause severe gait impairment and severe 
cognitive impairments (the score of a MMSE [19] <24) were 
excluded.  
Fifteen of the 17 participants’ data were collected in the 
study because the other two participants were unable to walk or 
keep balance independently during the experiments. The age of 
the 15 participants ranged from 51 to 89 years. Their 
Parkinson’s disease duration ranged from 3 to 20 years, and 
their clinical characteristics were from 24 to 49 of 
MDS-UPDRS III, from 2 to 4 of the Hoehn and Yahr stage, 
from 10 to 25 of the N-FOGQ, from 24 to 30 of the MMSE, and 
from 14 to 18 of the FAB. Fourteen participants reported in the 
N-FOGQ that they experienced freezing during turning in daily 
life, and eight participants had more than one freezing episode 
during turning each day. 
C. Study paradigm 
Participants were assessed in the dopaminergic 
OFF-medication state, after 12 hours of medication withdrawal. 
Given that freezing episodes are most sensitive to turning 
conditions [21], the data were collected during two turning 
tasks: 180-degree alternative turning at a self-selected speed 
and at a rapid speed. To efficiently provoke freezing episodes 
during the turning tasks [22], the participants were asked to turn 
by making small steps on the spot instead of using big steps or a 
pirouette. An example of the turning task including a freezing 
episode is shown in the supplementary multimedia file. For 
each turning task, participants kept alternatively turning for 2 
minutes, and each task was repeated maximal five times.  
D. Freezing annotations 
Freezing episodes were annotated by two independent raters 
based on the videos taped during the tasks. Two video cameras: 
a GoPro Hero5 with a fisheye effect and a Sony HDR video 
camera were placed in the front and on the side of the 
participants, respectively. The two raters annotated freezing 
episodes and unexpected movements, such as sudden stops 
caused by other reasons than freezing episodes, based on the 
videos from the camera in the front. The videos from the 
camera on the side were used to assist the raters on uncertain 
freezing episodes.  
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The raters used an open-source annotation software (ANVIL 
[23]) for the annotations and had a substantial interrater 
agreement on the freezing annotations with 92% in 
percent-agreement and 0.78 in Cohen’s kappa. A third rater 
made the final decision when the two raters disagreed on some 
annotations. Consequently, 551 freezing episodes during 
turning were agreed by the raters. The duration of the freezing 
episodes was from around one second to two minutes with a 
median duration of 3 s. 
E. Multi-modal signal collection 
Multi-modal physiological signals of the participants were 
acquired during the tasks using an EEG cap (actiCAP, Brain 
Products GmbH) and a 32-channel portable system (Porti, 
Twente Medical Systems International B.V.). The EEG cap 
collected 60-channel EEG signals for brain activity and 
4-channel electrooculography (EOG) signals for eye 
movements with a sampling rate of 500 Hz. The Porti system 
collected ECG signals for heart activity, 3D accelerometer 
signals above knees and ankles for motion activity, and 
footswitch signals for gait activity with a sampling rate of 512 
Hz. For further analysis of signals, the ECG, accelerometers, 
and footswitches signals collected from the Porti system were 
down-sampled to 500 Hz in alignment with the EEG and EOG 
signals. The placement of the above mentioned sensors are 
presented in Fig. 1.  
F. Physiological features in multiple modalities 
Physiological features were extracted from the signals of 
each modality. An overview of the multi-modal features is 
shown in Fig. 2.  
(1) Brain activity (EEG signals) 
Given the abnormal patterns in theta-band oscillations during 
the evolution of freezing episodes reported in the previous 
study [6], we calculated the power spectra within the theta 
band (4-7 Hz) from the EEG signals of the frontal-central 
channel (a subtraction between the signals of two electrodes: 
Fz and Cz). The raw signals were preprocessed using a 
low-pass filter (0.5-45 Hz). The power spectra were 
calculated using wavelet transformation with the Morlet 
wavelet [24].  
(2) Eye movements (EOG signals) 
During turning, quick and slow phases of the eye movements 
were observed consecutively, which represent the gaze shift 
for turning guidance and gaze stabilization (vestibulo ocular 
reflex), respectively. In this study, we analyzed the 
slow-phase velocity which indicates the speed for gaze 
resetting during turning and is defined as the first derivate of 
the horizontal EOG signals during the slow phases. The raw 
EOG signals were smoothed through a low-pass filter with a 
cutoff frequency of 30 Hz and a median filter with a window 
of 50 ms. In addition, the baseline drift of the signals, which 
is reconstructed from the coefficients of wavelet 
decomposition at the 10th level, was removed to minimize 
noise [25]. The slow phases were detected using a 
well-performed K-means clustering algorithm, Cluster Fix 
[26].  
 
Fig. 1.  Multi-modal sensor placement: (A) An example of a participant 
during the experiment. A video example about how participants executed 
the turning task and experienced freezing episode is presented in the 
supplementary multimedia file. (B) The illustration of the sensor placement 
whose signals were analyzed in this study.  
 
Fig. 2.  An overview of the multi-modal features and the simplified 
workflow of the study: characterizing and detecting freezing of gait 
(FOG). 
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(3) Heart activity (ECG signals) 
Heart rate for the heart activity was estimated from the 3-lead 
ECG signals. The baseline drift of the ECG signals was 
removed through the wavelet decomposition [25], and the 
R-peaks were detected by the widely used Pan-Tompkins 
algorithm [27]. The number of R-peaks within 1 minute is 
the heart rate (unit: bpm). To suppress movement artefacts 
and the noise of ECG signals, we calculated the heart rate 
measures of each ECG channels and treated the median heart 
rate as the value of heart rate per minute. 
(4) Motion activity (accelerometer signals) 
The values of freezing index were calculated from the 3D 
signals of accelerometers placed above knees and ankles to 
describe the motion activity of the lower body. Freezing 
index describes individual’s trembling amplitude during 
movements and is defined as the ratio between the absolute 
power within 3–8 Hz for trembling and within 0.5–3 Hz for 
locomotion [5], [9].  The power spectrum was calculated 
using the wavelet transformation with the Morlet wavelet 
[24]. A sliding window of 2 s was used to calculate the freeze 
index at each sampling point (the window centered at the 
sampling point). 
(5) Gait (footswitch signals) 
Stride duration is a parameter to estimate the duration of a 
complete gait cycle (a cycle of both feet leaving and then 
striking the floor). In this study, we studied the gait cycle 
during turning. The status of each foot (leaving or striking 
the floor) was decided according to which of the 
footswitches on the ball of the foot was active (i.e., which 
parts of the foot touched the floor). The footswitch activation 
was determined through the comparison between the 
footswitch signals and a predefined voltage threshold matrix 
(offered by Twente Medical Systems International B.V.). 
Given the different foot-contact-floor patterns of individual 
participants, we define different set of switches for each 
individual participant to determine whether the foot 
contacted the floor. The setting of the key switches for 
individual participants was validated through visually 
checking their foot status in the taped videos. 
 
G. Statistical analysis 
We used a two-sided t-test with a significance level of 0.05 to 
determine whether the means of two groups―physiological 
features before and during freezing episodes, and physiological 
features during normal movements (successful turning)―are 
significantly different, in other words, whether physiological 
features are significantly associated with freezing episodes. 
The multimodal physiological features were normalized across 
episodes to adjust the feature values on the different scales of 
participants and episodes.  
Features from the 10th s before the freezing onsets to the 3rd s 
after the freezing onsets were analyzed because the median 
duration of the 551 freezing episodes was 3 s in our study, and 
we assumed that the value of a feature preceding a freezing 
episode with more than 10 s was not affected by the upcoming 
freezing episode. The corresponding feature segmentations in 
the normal-movement group were identified according to the 
phase angles of turning at the 10th s before the freezing onsets. 
The phase angles of turning were calculated using the Hilbert 
transformation [28] from the slow-phase velocity indicating 
gaze stabilization during turning. Fig. 2 presents the illustration 
of the segmentations in the freezing (the red band in Fig. 2) and 
normal-turning (the green band in Fig. 2) group. In addition, 
only one freezing episode was included in the segmentations of 
the freezing group to suppress the influences of other freezing 
episodes, and no freezing episode was included in the 
corresponding segmentations of normal-movement group to 
minimize the effect of freezing episodes.  
Given that we explored the changes of physiological features 
along the evolution of freezing episodes, we visualized the 
t-test through showing the mean and the 95% confidence 
intervals (mean ± standard error X 1.96) at each sampling point 
of the segmentations in the two groups. When the 95% 
confidence intervals of a physiological feature in the two 
groups does not overlap at a sampling point, the physiological 
feature is significantly associated with freezing episodes at the 
sampling point with the p-value < 0.05.  
H. Freezing of Gait Detection 
The physiological features significantly associated with 
freezing episodes were used for the development of the freezing 
detection system. To prevent overfitting in the classification 
and improve the classification performances, we further ranked 
these features through the fast correlation-based feature 
selection method [29], [30]. In the feature selection method, 
symmetrical uncertainty, calculated as the normalized 
information gain between two variables and ranging from 0 to 
1, estimates the correlations between features, and between 
features and classes [29]. A feature was selected when the 
symmetrical uncertainty between the feature itself and the 
classes was greater than 0.85 and the symmetrical uncertainty 
between the feature itself and other features. 
The multi-modal features were extracted through a 
50%-overlapping sliding window of 2.56 s from the 
pre-processed signals. The length of epochs, 2.56 s, was set 
given the requirement of an efficient-computing hardware 
architecture for a long-term real-time freezing detection 
system. Epochs were classified using a RUSBoost classifier, 
which is a commonly used classifier for solving an 
imbalance-class problem [31]. A freezing episode was detected 
(a true positive event) or not (a false negative event) based on 
whether any epoch was classified as the class of freezing 
episodes within the period from 3 seconds before the freezing 
onset to the freezing offset. The 3 seconds before the onsets was 
set as a buffer duration for strict freezing annotations. In 
addition, we treated each correctly and wrongly classified 
epoch in the class of normal movements as a true negative and 
false positive event, respectively. The detection system was 
evaluated using the leave-one-subject-out cross-validation 
method for the 15 participants. The performance of the freezing 
detection was estimated by its sensitivity, specificity, precision, 
and Matthews correlation coefficient (MCC) which is a 
correlation between true events and detected events, and a more 
reliable performance metric than accuracy and F1-score on 
imbalanced datasets [32]. 
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We compared the performances of multi-modal (using 
features in multiple modalities) and single-modal (using 
features in only one modality) freezing detection systems 
through estimating Precision-Recall curves [33] and analyzing 
the values of MCC using a Wilcoxon signed-rank test [34]. 
Precision-Recall curves can avoid the over-optimism of 
Receiver Operator Characteristic curves in the severely 
imbalanced freezing classification problem [33]. The different 
values of the recall (sensitivity) and their corresponding 
precision values were generated through changing the threshold 
of the scores of each epoch in the RUSBoost classifier.  
Moreover, the discontinuous precision values were interpolated 
[33], and the area under the curves was approximated using the 
composite trapezoidal method. In this study, we used the 
Wilcoxon signed-rank test, a non-parametric statistical test as 
an alternative to paired t-test [34], to check whether the median 
difference of MCC between the multi-modal system and 
individual single-modal systems is zero. Given the multiple 
comparisons, Bonferroni correction was used to control the 
familywise error rate [35]. When the p-value is smaller than 
0.05, the performance difference between the multi-modal and 
single-modal systems is statistically significant. 
III. RESULTS 
In total, 551 freezing episodes (ranged 1 s-2 min with a 
median of 3 s) in turning tasks were annotated from 15 
participants and used for the training and testing of the freezing 
detection systems. 248 of the 551 freezing episodes, which did 
not have neighboring freezing episodes in the segmentations of 
freezing-group, were investigated for the statistical analysis. In 
addition, one subject’s ECG signals were not applicable 
because of a bad connection between the ECG sensors and the 
skin during the experiment, therefore 30 freezing episodes of 
this subject were not included for the statistical analysis of heart 
rate. 
The visualization of the t-test of the segmentations in the 
freezing and normal-movement groups are presented in Fig. 
3-7. Significant changes associated with freezing episodes were 
observed in the motion activity described by the freezing index 
above the knees and ankles (Fig. 3), the eye movements 
described by the slow-phase velocity (Fig. 4), and the gait 
described by the stride duration (Fig. 5). The brain activity 
described by the power spectra of frontal-central channel (Fig. 
6) and the heart activity described by the heart rate (Fig. 7) were 
not closely associated with freezing episodes. 
The development of the freezing detection system was based 
on the results of the statistical analysis. Accordingly, the 
slow-phase velocity, freezing index, and stride duration were 
extracted from the epochs of the preprocessed EOG, 
accelerometer, and footswitch signals, respectively. Through 
the correlation-based feature selection, the slow phase velocity 
and freezing index above the left knee, whose symmetrical 
uncertainty were greater than 0.85, were selected for the 
classification. 
 
Fig. 3.  Motion activity: a decrease of the normalized freezing index during 
freezing episodes. The freezing index was calculated from the 
accelerometers placed above knees [left: (A); right (B)] and ankles [left: 
(C); right (D)]. The red curve indicates the freezing index in the group of 
freezing episodes, and the gray curve indicates the freezing index during 
normal turning. The solid lines indicate the mean of the freezing index, and 
the patches indicate 95% confidence intervals across segmentations. 
 
Fig. 4.  Eye movements: the normalized slow-phase velocity decreased 
around 6 seconds before the onsets of freezing episodes. The red curve 
indicates the group of freezing episodes, and the gray curve indicates the 
group of normal turning. The solid lines indicate the mean of the 
slow-phase velocity, and the patches indicate 95% confidence intervals 
across segmentations. The values in the clockwise turns and the 
counterclockwise turns were merged through flipping the values of the 
slow-phase velocity during counterclockwise turns.  
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Fig. 6.  Brain activity: No considerable difference of normalized 
theta-band power in the frontal-central electroencephalography channel 
was observed between the groups of freezing episodes (red curves) and 
normal turning (gray curves). The solid lines indicate the mean of 
theta-band power, and the patches indicate 95% confidence intervals 
across segmentations. 
 
Fig. 5.  Gait activity: the normalized duration of stride (a complete gait 
cycle) estimated from footswitch signals. The stride duration shows an 
considerable increase during freezing episodes. The red curve indicates the 
stride duration in the group of freezing episodes, and the gray curve 
indicates the stride duration during normal turning. The solid lines indicate 
the mean of the stride duration, and the patches indicate 95% confidence 
intervals across segmentations. The increases of the curves between -10 
seconds and -8 second, and between the -5 and -3 second was probably 
caused by short stops between the normal turns.  
 
Fig. 7.  Heart activity: normalized heart rate estimated from 
electrocardiography signals: No considerable difference of heart rate was 
observed the groups of freezing episodes (red curves) and normal turning 
(gray curves). The drops of both curves between the -3 and -1 second were 
probably caused by the stops between turns. The solid lines indicate the 
mean of heart rate, and the patches indicate 95% confidence intervals across 
segmentations. 
 
 
 
Fig. 8.  Precision-Recall curves of the freezing detection systems using 
multi-modal (red curve) and single-modal (gray curves) features. The 
multi-modal features merged the features from the motion activity (dashed 
line) described by freezing index and the eye-movements (dash-dotted 
line) described by slow-phase velocity. Generally, the freezing detection 
system using multi-modal features performed better than using the 
single-modal features. The solid lines indicate the mean value across 
participants, and the patches indicate the standard error. 
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The performance of the multi-modal freezing detection 
system with the freezing index and the slow phase velocity was 
97% ± 3% of sensitivity, 96% ± 7% of specificity, 73% ± 21% 
of precision, and 0.82 ± 0.15 of MCC. The comparison through 
Precision-Recall curves between the multi-modal system and 
the corresponding single-modal systems, which only used the 
freezing index above left knee or the slow phase velocity, is 
shown in Fig. 8. The areas under the Precision-Recall curves of 
the freezing detection systems using multi-modal (solid line) 
and single-modal features [using the freezing index (dash line) 
or the slow phase velocity (dash-dotted line)], were 0.94 ± 0.05, 
0.91 ± 0.08, and 0.90  ± 0.08, respectively. Nevertheless, we did 
not find significant differences of MCC between the 
multi-modal system and the single-modal systems through the 
Wilcoxon signed-rank test.  
 
 
IV. DISCUSSION 
To improve the reliability of freezing detection and fill in the 
knowledge gap of online freezing detection systems using 
multi-modal features, we characterized freezing episodes 
provoked by turns using the parameter of eye movements, 
brain, heart, motion, and gait activity, and proposed an online 
freezing detection system using the top-ranked features 
significantly associated with freezing episodes. The parameter 
of eye movements, gait activity, and motion activity were found 
to be significantly associated with freezing episodes. In contrast 
to earlier findings [6], [7], heart activity described by the heart 
rate and brain activity described by the power spectra of the 
frontal-central channel were not associated with freezing 
episodes. Through the feature selection, the freezing index 
above left knee and the slow phase velocity were selected as the 
features in the detection of freezing episodes. The detection 
system’s sensitivity was of 97% ± 3%, specificity was of 96% ± 
7%, precision was of 73% ± 21%, and MCC was of 0.82 ± 0.15. 
Through the comparison using Precision-Recall curves, the 
detection system using multi-modal features performed better 
than the single-modal features, which further supported the idea 
in our previous study [14]. However, the results of the 
Wilcoxon signed-rank test showed no significant differences 
between the performance of multi-modal system and 
single-modal system.   
The abnormal patterns found in the slow-phase velocity 
indicates that the participants’ eye-resetting speed during 
turning has slowed down almost 6 seconds before freezing 
onsets. The considerable changes of the slow-phase velocity 
can be explained from two possible aspects: (1) The excessive 
inhibition of the superior colliculus projected from the basal 
ganglia via the substantia nigra pars reticulata may have an 
effect on ocular motor engagement [36]; (2) The slowness or 
even stop of turning could have an influence on the eye 
movements. In this study, the angles of the body were not 
measured to investigate the slowness of body during turning. 
Future research should be undertaken to investigate the 
relationship between the eye, head, and body movements under 
turning conditions surrounding freezing episodes. In addition, 
turning-phase angles may have influences on the slow-phase 
velocity given the vestibulo ocular reflex during turning. In our 
future work, the slow-phase velocity should be divided into 
several groups according to the turning-phase angles for the 
deeper investigation of the eye movements. 
The significant changes of freezing index and stride duration 
during freezing episodes consist with the definition of 
freezing-of-gait that individuals’ lower body barely moves 
during the freezing episodes. In our study, the freezing index 
considerably decreased during freezing episodes instead of 
increasing reported in the previous study [5]. The decrease of 
the power in the freezing frequency band (3-8 Hz) in our study 
may be explained by the influence of the guidance on 
continuous turning conditions to provoke enough freezing 
episodes (the participants were asked to use the full surface of 
their feet while turning and turn by making small steps on the 
spot; in other words, not to use big steps or a pirouette). 
Through the visual analysis of the videos, we found that 
participants showed less trembling symptoms and almost 
stopped turning or made slow small steps when they 
experienced freezing episodes (an example is shown in the 
supplementary multimedia file). Future studies should 
investigate the influence of different turning guidance on the 
values of freezing index and the freezing detection. In addition, 
the freezing index above left knee was top-ranked through the 
correlation-based feature selection method for freezing 
detection. We speculated that the contrast above left knee 
between movement changes caused by freezing  and normal 
movements may be stronger than other lower body parts. This 
might be caused by the asymmetric motor function in 
individuals with Parkinson’s disease [37]. Following studies 
should consider the asymmetry of the individuals in the 
freezing detection.   
In this study, we first analyzed which physiological features 
in multiple modalities are associated with freezing episodes to 
globally characterize freezing episodes for the 
evidence-support of freezing detection and duplicate the results 
reported in previous studies [6], [7] where movement artefacts 
were not considered. We statistically analyzed the 
physiological features in the freezing and normal-turning 
groups to consider the potential disturbances of the turning 
conditions on the freezing analysis. This probably explains why 
our results did not support the earlier findings about the heart 
activity [7] and brain activity [6]. In those previous research, 
the parameters of the heart and brain activity were compared 
among the freezing stages (the periods before, during, and after 
freezing episodes). Freezing episodes were relatively sensitive 
to the movement conditions. For example, turning is the most 
sensitive condition to provoke freezing episodes [21], [22]. The 
previous studies most likely compared the parameters between 
movement status, such as between walking and turning, instead 
of between the stages of freezing episodes. For example, an 
increase of heart rate was observed in both groups of freezing 
episodes and normal turning between the -3rd and 1st s in Fig. 7. 
In the future temporal analysis of freezing episodes, we 
strongly suggest a comparison of parameters in a freezing 
group with the corresponding baseline movement condition to 
suppress the influence of movement. In the future studies about 
the freezing detection or prediction, we recommend to use the 
evidence-support features in the development to improve the 
reliability of systems. 
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The multi-modal freezing detection system performed better 
than the single-modal systems according to the 
Precision-Recall curves, but the difference is not significant 
through the Wilcoxon signed-rank test on 15 participants. The 
contrast between the results of the Precision-Recall curves and 
the Wilcoxon signed-rank test may be explained by the small 
number of participants which limited the power of the 
Wilcoxon signed-rank test to find a statistical significance. In 
future work, the power of the statistical test could be increased 
with a larger number of participants. In addition, the 
performance from the multi-modal and single-modal systems 
probably do not reflect the performance under real-life 
situations given that the dataset of this study was acquired 
during continuous turning conditions in a lab environment. 
Future studies are needed to investigate the system 
performances under a (simulated) real-life situations to further 
determine whether the multi-modal system performs better than 
using single-modal features. Moreover, practically, users may 
prefer the single-modal systems because of its simple 
application in daily life. In future studies, it is valuable to 
investigate whether it is acceptable for users to have multiple 
types of sensors on their body for daily usage.  
Several limitations still remain in this study: only 17 
participants were included in this explorative study, and the 
physiological signals were acquired from 15 participants while 
the participants were at off-medication state. The 
generalization of the results in this study may be influenced by 
the small number of participants, and an effect of the 
dopaminergic treatment on physiological signals might exist. 
More participants at on-medication state (with the effect of the 
dopaminergic treatment) should be included in future 
investigations to ensure the transformation from research to 
practical applications. Moreover, only one commonly used 
feature of each modality was investigated in this study. In 
future studies, more features for each modality should be 
investigated, such as quick-phase amplitude indicating gaze 
shift during turning for eye movements, heart variability for 
heart activity, galvanic skin response for anxiety level, brain 
connectivity for brain activity, and swing and stance duration 
for gait. Given that the all participants of this study were not 
treated by deep brain stimulus, our proposed freezing detection 
system for the population with deep brain stimulus should be 
further validated and expanded in future. For example, the 
power in high-beta band (21-35 Hz), whose freezing-associated 
changes is found in subthalamic nucleus using intracranial EEG 
signals in other earlier study [38], should be considered as a 
feature for freezing detection in the population with deep brain 
stimulation. Furthermore, different fusion methods for 
multi-modal features, such as principle component analysis, 
would be interesting to be investigated in the freezing 
detection. In addition, this study focused on the freezing 
detection (from 3 seconds before freezing onsets to freezing 
offsets). Future research should be undertaken to investigate 
how early and accurate we can predict freezing episodes.  
 
V. CONCLUSION 
Multi-modal physiological signals were used to characterize 
and detect freezing episodes in this study. The slow-phase 
velocity for eye movements and freezing index for motion 
activity were significantly associated with freezing episodes 
and selected as multi-modal features for freezing detection. 
Using the multi-modal features, the freezing detection 
performance was improved according to Precision-Recall 
curves. Future works need to further validate and improve the 
detection system using multi-modal features in a real-life 
situation.  
 
APPENDIX 
A demo video clip of the turning task from a participant is 
presented in supplementary multimedia file 
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